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One game:

=

. Our dataset

Lichess's database, https://database.lichess.org/

Approx. 10M-100M games per month since 2013

Nearly 18 TB of data (we use subsets!)

[Event "Rated Bullet tournament https://lichess.org/tournament/yclWW20x"]
[Site "https://lichess.org/PpwP0ZMq"]
[Date "2017.64.01"]

[Round "-"]

[White "Abbot"]

[Black "Costello"]

[Result "e-1"]

[uTCDate "2017.604.01"]

[UTCTime "11:32:01"]

[WhiteElo "21600"]

[BlackElo "2000"]

[WhiteRatingDiff "-4"]

[BlackRatingDiff "+1"]

[WhiteTitle "FM"]

[ECO "B30"]

[Opening "Sicilian Defense: Old Sicilian"]
[TimeControl "300+0"]

[Termination "Time forfeit"]

1. ed { [%eval 0.17] [%clk 0:00:30] } 1... 5 { [%eval 0.19] [%clk 0:00:30] }

2. Nf3 { [%eval 0.25] [%clk 0:00:29] } 2... Nc6 { [%eval 0.33] [%clk 0:00:30] }
3. Bed { [%eval -0.13] [%clk 0:00:28] } 3... e6 { [%eval -0.04] [%clk 0:00:30] }
4. c3 { [%eval -0.4] [%clk ©:00:27] } d... b5? { [%eval 1.18] [%clk 0:00:30] }
5. Bb3?! { [%eval 0.21] [%clk 0:00:26] } 5... ct §{ [%eval 0.32] [%clk 0:00:29] }
6. Bc2 { [%eval 0.2] [%clk ©:00:25] } 6... a5 { [%eval 0.6] [%clk 0:00:29] }

7. du { [%eval 0.29] [%clk ©:00:23] } 7... cxd3 { [%eval ©.6] [%clk 0:00:27] }
8. Qxd3 { [%eval 0.12] [%clk 0:00:22] } 8... Nf6 { [%eval 0.52] [%clk ©:00:26] }
9. e5 { [%eval 0.39] [%clk ©:00:21]1 } 9... Nd5 { [%eval 0.45] [%clk ©:00:25] }

10. Bg57! { [%eval -0.44] [%clk 0:00:18] } 10... Qc7 { [%eval -0.12] [%clk ©:00:23] }
11. Nbd2?? { [%eval -3.15] [%clk ©:00:14] } 11... h6 { [%eval -2.99] [%clk @:00:23] }
12. Bhtd { [%eval -3.0] [%clk 0:00:11] } 12... Ba6? { [%eval -0.12] [%clk 0:00:23] }

Elo rating system

Measures a player's relative skill level, updating up
or down based on game outcomes relative to the

opponent's rating.

Depends only on:

e Game outcome (who won/lost?)

* Players’initial Elo

13. b37? { [%eval -4.14] [%clk 0:00:02] } 13... Nfy? { [%eval -2.73] [%clk ©:00:21] } 0-1

Elo range Title / Category
2800+ World champ.
2500-2799 Grandmaster
2200-2499 Master
2000-2199 Expert
1600-1999 Class A/B
(Club / Tournament players)
1200-1599 Class C/D
(Hobbyists)
800-1199 Novice
<800 Beginner
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https://database.lichess.org/
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What problems can we define?

* Guessing Elo - aregression problem: Given Elo depends only on initial Elo and game outcome,
can we train a model to recognize the players’ Elo based on the game itself?

* Playstyle clustering: Do players have a particular style, and can these styles be clustered? If so,
is there correlation between a player’s cluster and their Elo?

 Blunder classification: Given the player's previous and current position on the board, can we
predict if they will make a “blunder” within a 5-move window?

The setting of Chess can accommodate all three main ML problem types!

10/06/2026 3
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- Regression with BDT — Guessing the Elo

Numerical Summary Features (42)

Problem with naive approach  saN string 24 Board featurs 18 Clock features Elo

- Elois the center of a gaussian
distributi hard t El 1.ed e5
istribution, hard to guess an Elo 5 Nf3 N6
from one game
3. Bb5 a6

Data proces
- Feature extraction o — reTr———
- Lazy model guesses the average
-  Weighting the distribution

- Learning from the outer points

- Optimizing for MAE

- Conflicting, how to balance?
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Regression with BDT

10 min games 60s games

SHAP Impact - White Elo SHAP Impact - White Elo

num__opening_pace_norm_white

num__consec_same_piece_white

e —
num__material_balance_end —«-
D ata p ro C eS num__opening_pace_norm_black —*—

num__opening_pace_norm_white .
- Shap-why do we sort for time
control?

*— num__avg_time_norm_black
b num__capture_density
num__std_time_norm_white -ﬁ— num__opening_pace_norm_black
num__capture_density num__consec_same_piece_black

num__total_ply_count

- Buu_et (60 Second) \VAS Rap|d (1 O num_ consec_same piece white —*
num__castle_move_ white *
——
_—*.

num__std_time_norm_white

min) games

num__avg_time norm_white num__material_balance_end

num__consec_same_piece_black num__pawn_captures_total

num__first_capture_move_black -h—
-

]
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Feature value

num__std_time_norm_black

num__check density black num__clock_remaining_norm_white

num__avg_time_norm_black num__tc_increment

num__queen_moves_before_10 —*-

num__piece_captures_total

num__check density white num__clock_remaining_norm_black

num__legal_moves_white_move5 num__max_time_norm_white

num__max_time_norm_white -—’———

num__tc_increment ‘—o—-- .

n__result_encoded -*‘

-200 100 0 100 200
SHAP value (impact on model output)

num__legal_moves_white_move5
num__first_capture_move_black

num__endgame_time_norm_white

-400  -200 0 200 400
SHAP value (impact on model output)
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5 Regression with BDT — Guessing the Elo

Solution
- Aggregate per player

Limits dataset...
2 million to 300k
to 30 k

Model trained on average features per player

True vs Predicted
MAE = 131.5 Elo

800 1000 1200 1400 1600 1800 2000 2200

True mean Elo
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Residuals
Bias: +6.4 Std: 169.3

—-200 0 200 400 600 800
True — Predicted (Elo)

min_games
4

6

8

12

16

20

[0 TR S TV R N R S o |

Accuracy vs coverage trade-off

10 12 14
MIN_GAMES PER_PLAYER

players
27408
21878
18181
13126
9812
7528

test MAE
132.5
125.1
1219
118.5
116.0
110.8

27500
25000

22500

12500
10000

7500




nnnnnn
-------

.......

- Predicting a Distribution, Not a Number

What we do instead: For every

player we convert their Elo into a
The problem with a single number: A player rated Gaussian bell curve centered on

1600 does not always play like a 1600 their true rating, spread across 40

rating bins = Loss Function!

White — Gaussian target (o0=200)

How we get back to a number:
Once the model predicts a
distribution, we recover a point
estimate by taking the weighted
average of all 40 bin centres

== Actual 1827

Probability

500 1000 1500 2000 2500 3000 3R00 A000
Elo bin
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- Neural Networks and predicting ELO

Model Sequence Processing
BILSTM Two-layer bidirectional LSTM with soft attention
Residual MLP No sequences — pure extracted features
1D CNN Three parallel conv branches (kernels 3, 5, 7)
Transformer Multi-head self-attention encoder
WORKFLOW

S - - G - s
N
10/06/2026
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- The 3 N's: Did the Neural Network, Network well?

10/06/2026

Model rotal Challenges:
Time
BILSTM  32m7s » HPO (Dropout)
Residua 3m 19s . .
LMLP » Data size vs. Going home
CNN 4m 19s . .
» Doing all time controls vs.
Transfor 18m Single
mer 40s

11
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Playstyle clustering

 Datafrom single month (Sep. 2017) =12.6M Ny il |
ga mes. | queenside_castle rate I:I paWN_ Mmove rate I:I kn E bishop_move rate l

 Parse game-data to player-data. E LA TR AR
* Time-control: only rapid (10 min) games. M | ‘c il

* Nr. games: Only players w. > 10 games.

early_queen_move_rate first_ move_diversity_rate territory_depth_mean

1000

A

Leaves us with:
42K players (rows) described by
* 18 summary features (cols)

10/06/2026 12



P CA Color = elo_mean
UMAP

Plots of raw features

Color = elo_mean

Color = elo_meat
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* No clear kvs. SSE elbow = reflects continuous data.
* Tried many HPs — no change.
e Qverallinconclusive.

calinski_harabasz
davies_bouldin

2 34567 8 91011121314151617 181920 234567 8 91011121314151617181920
k k

Had clusters been found, path forward would be:
* What feature creates biggest separation?

e Cluster-cluster separation (Cohen's d) P ——— T ———
* Within-cluster similarity.
e Cluster-Elo correlation.

. Cluster
0
1
: 2
3
4
Conclusion: Data is not clustered, but shows structure - ; : ;- S

5 10 15 20 25

players lie on Elo gradient. Separations only exist in N I
nonlinear embedding.

10/06/2026 (Only showing 4 of 18) S f

Makes intuitive sense?
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Cluster

.......
Cluster 0

"""" Cluster -1

" Also tried:

* AutoEncoder: Bad. See Appendix.

Cluster 1

« DBSCAN: Randomized HPO. Best model gives same
results as Kmeans, although...

Identified 8 players with suspicious feature E o
distributions... Umapz

So we checked their Lichess accounts... {"EpE":H.lT?EHTEElE Cluster Counts
. ' 0 40638
"min_samples”:18, 1 -

"metric”:"euclidean"}

-1 (Noise) | 1357

10/06/2026 15
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Tournament |

0 Makar_Batulin
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Member since

L Active 8 years : 473 1 0

™ Russia
Time spent pla Member since Jan 26, 2017 Toumnament Points Study Forum Posts

Active 8 years ago
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400 increase in a month?
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....... WORKFLOW

A blunder is a move that severely weakens a player's position. Quantifiable: =2 2.00 pawn loss from
engine eval. TASK: Using BDTs, can we predict whether a player will blunder in a 5-move window
from their current position?
Exploratory.dataset: 100,000 ga'm.e X: features related to a player's current position and
sample of Lichess games containing : . : .

: . move history (e.g. " total_material_current,
engine evaluation data from May . N .
2017 clock_seconds_current , "current_pawn_loss ,

...) (37 or 50 total x 4,720,769 rows)

Each turn asrow -> 4,720,769 rows y: 1s_blunder \in [0,1] (score)

(player Elo,
K nsideration Key solutions game type,
1. Data balance: 1. Don'tuse BCE as etc.)
o ca. 10% of rows contain blunders, training target. Weigh
o ca. 32% of 5-move windows contain inputs.

blunders.

2. Encoding of non-numerical features: 2. One-hot encoding.

10/06/2026



Validation comparison

Validation average precision ranking Validation ROC curves
1 1.000x 1.0 1
Dummy prior 1 !

(y=0.318 fixed)
I 1.000x
; 1.883x 0.8 1

XGBoost unweighted - i N

i 1.930x ot
i o N
i 1.882x a 0.6
i ’ =

XGBoost weighted i N =
i o
| 1.928x 3
i 0.4
E 1.887x ,§

LightGBM unweighted - ; N
i 1.936x
; 0.2
i 1.886x »=+ Ramdom: AUC = 0.5000
(O Without meta features o 7"Dummy prior
LightGBM weighted <> With meta features s \Nithout meta features: lightgbm_unweighted_optimized_average_precision: AUC = 0.7639
--- Random ranking <> f With meta features: lightgbm_unweighted_optimized_average_precision: AUC = 0.7776
1 T T T T 19.33X T 0.0 T T T T 1
1.0 1.2 1.4 1.6 1.8 2.0 2.2 0.0 0.2 0.4 0.6 0.8 1.0
Average precision lift over random False-positive rate
precision-recall curve
= 1.0 ighted_optimized_average_precision (AP = 0.61
BDTs are trained to e e e iy o SereSe preciin (AP = 03
maximize average
. = TP

precision (AP), 2 s Precision = ——

which is the area £ TP+ FP

under the 5 04 TP

S| - g Recall = ———

precision recgll TP + EN

curve. Higher is

better! S E Y S —

Recall (Positive label: 1)



Calibration metrics by decision threshold Test confusion matrix

Lo With meta features
: lightgbm_unweighted optimized average precision
0.8 A
Precision - Without meta features 0 213.856 109 282
Recall - Without meta features ! ‘
g F1 - Without meta features
© 0.6 MCC - Without meta features
e Maximum F1 - Without meta features _
c Maximum MCC - Without meta features g
-_8 = Precision - With meta features ©
E Recall - With meta features E
g 0.4 F1 - With meta features E
8 = MCC - With meta features =
= Maximum F1 - With meta features
= = Maximum MCC - With meta features
0.2 - 1 113,719
0.0
0.0 0.2 0.4 0.6 0.8 1.0 0 1
Decision threshold Predicted label

. For this confusion matrix, we used the BDT trained on regular +
Precision X Recall )
F1 =2 — meta features and selected the decision threshold based on the
Precision + Recall best F1 score (threshold = 0.308, F1 = 0.606).

One of the commonly used measures of separation the MCC, which
(in this case) is the Pearson g, and related to the ChiSquare:

More false positives than false negatives because threshold is

TP x TN — FP x FN recall-heavy.
V(TP ¥ FP)(TP + FN)(TN + FP)(TN + FN)

MCC =




- Permutation importance, takeaways

abs_eval_pawns
total_material_current
fullmove_number
phase_progress_current
mover_elo
material_imbalance_for_mover
eval_for_mover
abs_current_eval_swing
previous_loss_mean_10
previous_own_mistakes
avg_elo
eval_before_for_mover
time_increment_seconds

clock seconds current
opening_weight_current
time_base_seconds
total_non_pawn_material_current
fullmove_number_log
non_pawn_imbalance_for_mover
both_queens_present_current
endgame_weight_current
previous_loss_max_10

0.000

10/06/2026

Permutation feature importance
With meta features
lightgbm_unweighted_optimized_average_precision

0.005 0.010 0.015 0.020
Decrease in validation average precision

Having a player skill category gives more predictive
power (Elo rating)

Only trained on a subset of games from May 2017,
would have been nice to explore more data if time
allowed it

BDT implementation only, no NN:(

Redundancy of (emgineered) features?

"Blunder" definition is somewhat arbitrary here, how
would results change for different blunder levels?

What if we tried to predict if a player's immediate
next move will be a blunder? (see Appendix)

Train on BCE? (see Appendix)

AV
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APPENDIX
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Attempt: clustering by AutoEncoder

Feed SAN string directly to AE, let it derive a 8D latent space.
Result: virtually same structure as the summary features.
Clustering attempts equally as unsuccessful.
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. . Playstyle clustering - Detected cheats?
DBSCAN: Feature distributions (yellow = “cheaters”, blue =everyone else).

Feature differences: cluster 1 vs cluster 0

pawn_move_rate

capture_rate

territory_depth_mean
bishop_move_rate
knight_move_rate
avg_game_length
rook_move _rate
queen_move_rate
king_move_rate
check_rate

castle_rate
mean_move_seconds
queenside_castle_rate
time_pressure_30s_rate
queen_promotion_rate
first_capture_move_mean

early_gueen_move_rate

first_move_diversity_rate

0.0 2.5 5.0 7.5
Cohen's d: cluster 1 - cluster 0
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Blunder classification full features list

. "fe;gdlér" (board-derived) features

1 37 candidate features
2 mover_is white
3 fullmove_number
4 fullmove_number_log
5 eval_for_mover
b eval_before_for_mover
7 abs_eval_pawns
8 current_pawn._loss "meta" (from Lichess itself) features
9 current_is_mistake N 4
18 current_is_blunder No-meta features: 37
11 current_eval_swing_for_mover With-meta features: 5@
12 abs_current_eval_swing GRS
13 phase_progress_current
14  opening_weight_current mover_elo
15 middlegame_weight_current opponent_elo
16 endgame_weight_current avg_elo
17 material_imbalance_ for_mover elo diff for mover
18 non_pawn_imbalance_for_mover - L
19 tntaﬁ_materia L_current abs_elo_diff
20 total_non_pawn_material_current time_base_seconds
21 both_gueens_present_current time_increment_seconds
22 no_gueens_present_current log_time_base_ seconds
43 clack_seconds_current log_time_increment_seconds
24 log_clock_seconds_current ;
25 previous_own_clock_seconds has_increment
26 own_clock_change time_control_category
27 previous_own_pawn_loss event_is_rated
28 previous_own_mistakes event is tournament
29 previous_own_blunders
3e previous_loss_mean_3
31 previous_loss_max_3
32 previous_loss_std_3
33 previous_loss_mean_5
34 previous_loss_max_5
35 previous_loss_std 5
E{] previous_loss_mean_16@
1( 37 previous_loss_max_10
38 previous_loss_std_1@



Blunder classification engineered features explanation
(non-exhaustive)

Material explanation: pawn = 1, knight = 3, bishop = 3, rook =5, queen =9, king = undefined

 phase_progress_current : 1 - (current non pawn material)/(starting non pawn material = 62)
 "material_imbalance_for_mover  : material advantage from the side-to-move's perspective (negative if disadvantage)
* “total material_current’ : total material on the board
* “total_non_pawn_material_current’ : total non-pawn material on board
* " (opening/middle/end)game_weight_current : see example game below
o opening_weight_current =((0.30-" phase_progress_current )/0.30).clip(0.0,1.0)*" both_queens , where "~ both_queens = 1if both queens
are present
o endgame_weight_current” =max{ (' phase_progress_current -0.45/0.35).clip(0.0,1.0), ((" phase_progress_current -
0.25)/0.35).clip(0.0,1.0)* ' no_queens  }, where "no_queens  is 1 if no queens are present
o middlegame_weight_current’ =1.0-max{ opening_weight_current’, endgame_weight_current }

Material trajectory with dynamic phase indicators Plot details

- White eval / White material
Black eval / Black material
Opening-like weight
Middlegame-like weight
Endgame-like weight
White annotated move
Black annotated move

o
o

Il annotation
I annotation

[}
‘T
(]
ot
1]
b3

<
S

1?7 annotation
?! annotation

Phase-like weight

? annotation

o
(]

?? annotation
+ White castles
Black castles
White queen lost
Black queen lost
+ Mate eval
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- Blunder problem hyperparameterization

Used Optuna for Bayesian HPO -> little impact on results. (note: only 1 modelis optimized in
the example fig. below, but this was observed in all blunder classification optimization
attempts)

Validation model comparison

Validation average precision ranking Validation ROC curves
1.0

i
Dummy prior ? 1.000x
1

1
XGBoost unweighted i ® 1.883x
1

e
o

1
]

XGBoost weighted ! ® 1.882x
1

True-positive rate
o
B

1.886x

%

LightGBM unweighted —— Dummy prior: AUC = 0.5000

H "1_837)( . XGBoost unweighted: AUC = 0.7630
@ Class winner = XGBoost weighted: AUC = 0.7629
$8 Best baseline before optimization == LightGBM unweighted: AUC = 0.7639
’ Best model after optimization = LightGBM weighted: AUC = 0.7637
LightGBM weighted { --- Random ranking ® 1.886x === Random: AUC = 0,5000

1.2 1.4 1.6 1.8 . 0. . 0.4 0.6
Average precision lift over random False-positive rate
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1 i—:move window blunder prediction

Validation average precision ranking Validation ROC curves

:
|
Dummy prior @1.00x
1
i

(y=0.108)

Blunders occur in ca. 10% of
moves of the dataset. Calibrated
models (trained on regular + meta

XGBoost unweighted

XGBoost weighted features, average precision target)
| “ can precit blunders with ca. 3x the
F 7 average precision of a dummy
. | _ prior. Somewhat surprisingly,
T I N2 e weighing the inputs does not give a
® Average precision it over random | | | False positive rate | significant AP lift.

Calibration metrics by decision threshold Test confusion matrix
lightgbm_unweighted lightgbm_unweighted
maximum calibration F1

Like the 5-move window case, we
choose a decision threshold based
428,590 on the F1 score. At this threshold,
recall > precision, so we tend to
predict more false positives than
false negatives.

Calibration metric
o
[=)]

<
=
True label

0.4 . E 27

Decision threshold Predicted label



raining blunder classification BDTs on BCE

Permutation feature importance
With meta features

Validation comparison: BCE-optimized models

Validation BCE model selection Validation ROC curves lightgbm_unweighted_optimized_binary_cross_entropy
0.6255 1.04
) abs_eval_pawns
Dummy prior fullmove_number
0.6255 total_material_current
08 phase_progress_current
05263 . mover_elo
. material_imbalance_for_mover
XGBoost unWEIthEd abs_current_eval_swing
0.5141 i avg_elo
o 0.6 clock_seconds_current
0.5797 g eval_for_mover
. = loss_mean_10
XGB t+ weighti ] = previous_| | _.
GBoost weighted 4 previous_own_mistakes
0.5661 3 time_increment_seconds
GazsT ] 0.4 1 eval_before_for_mover
o = opening_weight_current
LightGBM unweighted 1 time_base_seconds
\ non_pawn_imbalance_for_mover
0.5135 0.2 4 fullmove_number_log
0.5787 +=+ Rapdsin: AUC = 0.5000 pravious_loss_max_10
'Dimmy prior both_queens_present_current
LightGBM weighted { ) without meta features | =r+= Without meta features: lightgbm_unweighted_optimized_binary_cross_entropy: AUC = 0.7638 opponent_ela
5 With meta features [ [ With meta features: lightgbm_unweighted_optimized_binary_cross_entropy: AUC = 0.7773 endgame_weight_current
0.5648
T T T T r T 0.0 T T T r ]
0.52 0.54 0.56 0.58 0.60 0.62 0.64 0.0 0.2 0.4 0.6 0.8 10 00000 00025 00050 00075 00100 00125 00150 0.0175
Validation binary cross entropy (lower is better) False-positive rate Increase in validation BCE after permutation
Ranking view and BCE optimization view Calibration metrics by decision threshold Test confusion matrix
Validation precision-recall curves Hyperparameter search objective 1.0 1 lightgb . I&I‘:ih m:!:a .feadtul;-_es t
1.0 | ightgbm_unweighted_optimized_binary_cross_entropy
= Without meta features (AP=0.600, BCE=0.525T) Without mata features trials 1
\ With meta features (AP=0.615, BCE=0.5135) =~ Without meta features best so far :
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With meta features best so far 08 1
1
0.8 — |
o 4 1 Precision - Without meta features
b= 0.5275 Recall - Without meta features 215,341 107,797
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g B 4_3 0.4 1 F1 - With meta features g
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These results are for the 5-move window case trained on minimizing BCE. The validation-precision curves, HPO plot, and calibration
metrics plot are for the model with the lowest BCE score: LightGBM unweighted. The confusion matrix threshold was set usingthe best
F1 score, like in the AP case. Here, the unweighted models yield noticably better BCE scores than the weighted cases, and because the

imbalance is not so severe here (32%-68%), we proceed with the best (unweighted) model. The shape of the calibration metric curves
and the final confusion matrix are not so different from the AP case.
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-+ Individual feature importance of Neural network

Top 15 Individual Feature Importance per Model

Residual MLP CNN Transforme
se MAE = 185.4) base MAE = 157.9) ase MAE = 164.9)
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Neural network: MAE by Elo Bracket

MAE by Elo Bracket (\White)
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BN BiLSTM
Residual MLP

B CNM

BN Transformer
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Confident prediction (narrow distribution) Confident prediction (narrow distribution)
White Black
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Feature Importance — Static groups | Branch contribution | Sequence phases

BILSTM
BILSTM BILSTM hase imy
Branch contribution

rease

Neural network

AE inc

Early (1-15)

- - Problem: Seems like The models take an "Easy" route
with relying only on move sequence

NN
Branch confribution (keeping only first N moves)

Our solution: Increase dropout, to reduce very weak
regularisation, so the model can does not memories

training examples.

Transtorr Transformer my
roup importance Branch contribution (keeping only first N

8.4

= >




Neural network

e ow dropout let models take the easy
route — rely on sequence and ignore
statistics

eHigher dropout forces the model to
extract signal from both branches

eBalanced contribution = more robust
model that uses all available information

eTransformer exception: attention
mechanism so powerful it crowds out
static features regardless of dropout => a
known phenomenon called feature
collapse

eStyle group jumped from +25 to +46 MAE
for Residual MLP — with proper
regularisation, piece activity and opening

decisions are the most reliable static signal
33




True vs Predicted Elo

WhiteElo MAE=170.0 RMSE=215.3 BlackElo MAE=169.6 RMSE=214.7

Best model without using
player aggregation

Predicted Elo
Predicted Elo

MAE and bias by Elo stratum
1500 1750 2000 2250 2500 MAE by Elo stratum — WhiteElo Prediction bias by stratum — WhiteElo

1000 1250 1500 1750 2000 2250 2500 1000 1250
True Elo

True Elo

Residual distributions

Residuals — BlackElo

Residuals — WhiteElo
Bias +5.8 Std 214.6

Bias +5.7 Std 215.2

Prediction bias by stratum — BlackElo

MAE by Elo stratum — BlackElo

250

-1000 —750 -500 -250 0 250
True — Predicted (Elo)

True — Predicted (Elo)
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num__castie_move_white

num_opening_pace_norm _black i

num_opening_pace_norm_white

num_max_time_norm_white i

num_std_time_norm_black 8

num__capture_density

num_std_time_norm_white

num_check_density_black

num_castle_move_black

num_total_ply_count 4§
num__queen_moves_before_10

num_legal_moves_white_moveS

num_max_time_norm_black

num__avg_time_norm_white i}
num_check_density_white ¥
cat_castle_side_black_king )

num__consec_same_piece_white

num__avg_time_nomm_black 1§

Feature importance (gain) — White Elo

100000
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150000
Total gain

200000

250000

Top 20 features

num_opening_pace_norm_black

num__opening_pace_norm_white {i§
mum_castle_move_white {8
cat_castle_side_black king {8

num_castle_move_black 8

num_std_time_norm_black

num_capture_density {J
um__max_time_norm_black i
num__std_time_norm_white -{§

num_total_ply_count 4§
num_max_time_norm_white 4}

num_queen_moves_before_10

num_check_density_white

num__check_density_black
num_legal_moves_white_moves %
num_first_capture_move_black 8

num__avg_time_norm_black 1§

num_avg_time_norm_white

num_consec_same_piece_white

num__consec_same_piece_black J§

Category / Sub-Group

Feature Variable Name(s)

1. Board Features

Structure

Feature importance (gain) — Black Elo Checks

Captures

Castling

total ply_count
material balance

material balance_end

checks_given white, checks given_black

check.density.white, check.density_black

first_capture move white, first_capture move_black
pawn_captures_total, piece_captures_total

capture_density
castle move_white, castle move_black

consec_same_piece white, consec_same piece_black
queen_moves_before_10

white territory.depth, black territory_depth
promotions, en_passant_captures

legal moves_white moved, legal moves_black moveb

2. Clock Features

150000 200000 250000 300000
Total gain

avg_time norm white, std_time norm white

max.time norm.white, time_pressure.white
opening pace norm white, clock remaining norm white
opening time norm white, endgame time norm white

time_spent_trend norm white

avg_time norm_black, std_time_norm_black
max_time norm black, time_pressure_black
opening pace norm_black, clock remaining norm black
opening time norm black, endgame time norm black

time_spent_trend norm black
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ELO: 1516
Model White Elo Black Elo
BiLS5TM 1818 1384
Residual MLP 1833 1736
CMM 1734 1739
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Transformer 1734 1788
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Loss, dropout & HPO

* Val loss consistently below
train loss =>
Overfitting, The weighted
sampler showing harder
examples during training

* Dropout seems very
Important to stop models
from taking an "easy route”

* HPO seemed to get
dropout wrong

10/06/2026

No Engine Evaluations and Data processing
eMost Lichess games have no [%eval] tags -
We would assume that these would be the
strongest features by far if available

*Weighing the distribution, amount of data vs.
Performance, Tokenizing moves
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- Future prospect for NN's

e Add Stockfish evaluations

* Try different HPO methods

* Board position features - represent each position as an 8x8 array
through a 2D CNN instead of move tokens

* Separate models per time control - blitz and rapid reveal different
aspects of player strength

* More recent Lichess data - 2017 database is small by modern
standards, rating pool much larger today

* Longer Transformer training on GPU (And generally all models on
GPU)
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EThe Models

Residual MLP
o Only sees the 45 static features : never touches the moves
o Four residual blocks where each block does output =x + f(x) — skip connections prevent unstable training
o The baseline: MAE 185 tells us exactly what statistics alone are worth

BiLSTM

o Embeds each move as a 64-number vector, appends the clock value, feeds into the LSTM step by step
o Reads forward and backward (bidirectional=True) so each position has context from both directions
O
O

Attention scores each position, padding gets -1e9 so it gets zero weight, result is a weighted average across all moves
Sequence summary (256-d) concatenated with static summary (32-d) before the prediction heads

* CNN
o Three parallel sliding windows of size 3, 5, 7 scan the sequence simultaneously

o Each window keeps only its strongest activation across the whole game (max pooling): finds the best pattern regardless
of where it occurred

o Fastestto converge, best MAE at 158 — max pooling is particularly robust for this task

Transformer
o Sinusoidal positional encodings added first — without them the model treats the game as an unordered bag of moves
o Self-attention lets every move attend directly to every other move — no sequential dependency like the LSTM
o Mean pooling over all real positions produces the sequence summary
o Most powerfulin theory but needs more data and training time to show its advantage over shorter sequences
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